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Abstract

Although no serious efforts seem to have been devoted yet
to the theoreticd and experimental study of the
phenomenon, the web is recognizably a well suited medium
for information encountering, the accidental discovery of
information that is not sought for. This is the very essence
of serendipity, the faculty of making fortunate and
unexpected discoveries by accident. This paper presents
Max, a software agent that uses smple information retrieval
techniques and heuristic search to wander on the Internet
and uncover useful, and not sought for, information that may
stimul ate serendipitousinsights.

I ntroduction

Information retrieva usudly assumes thet the users know what
they are searching for. Although this happens most of the time,
namdy when search engines ae used, wandering on large
information spaces, like the web, sometimes takes place with no
pecified gods The web is, in fact, recognized as a wdl suited
medium for information encounteing (Erddez 199%6a Erddez
1996b; Toms 1996), the acddentd discovery of information not
sought for, and wandering on the web seems to be a quite usud
usr behavior leading to such serendipitous discoveries
(Lieberman 1995; Toms 1996; Rosenfeld and Morville 1999).
Toms describes three typica ways in which people acquire
information (Toms 2000):
- sking information about awdll-defined object;
- seeking information about an doject that cannot be
fully described, but will be recognized on Sght; and,
- aoguiring information in an accidentd, incidentd, or
serendipitous manner.
The focus of our sudy is on the last topic. We believe thet it
is possible to induce and fecilitate serendipity through the use of a
specid-purpose designed system. Though we agree with van
Andd and Bourdier, that it is impossible to program serendipity
(van Andd and Bourcier 1995), our key concearn is thet of
programmingfor serendipity .
The design and development of such asystem — that we have
cdled Max — was basaed on research on the nature of insght,
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serendipity and crestivity, inspired by the proposals of a number
of authors, whose contributions we briefly comment.

Edward de Bono contributed to our view with the digtinction
between verticd and laerd thinking (de Bono 1990). While
vertica thinking is sdective and sequentid, laterd thinking is
generative and can meke jumps. While veticd thinking
concentrates on what are supposed to be the relevant aspects and
excdudes the irrdevant ones, laterd thinking welcomes any
accidentd and not sought for event. When a user is seerching the
web for some wel defined object, verticd thinking is being done.
Conversdy, laterd thinking is the primary mentd behavior when
pure browsing activities are carried out. Within this framework,
laterd thinking is likely to hdp deveoping an awvareness of
serendipitous events.

Thus, we have decided that Max should be programmed to
present the user with information that follows the principles of
laterd thinking: not exduding on the bas's of immediate rdevance,
helping in ddaying critica judgments, providing new entry points,
(S (o

In addition to thase formultions, de Bono aso proposed some
precticd techniques for laterd thinking that can be, to some
extent, eesily coded in a computer program, such as random
gimulation, fractionation, the use of andogies, the sdection of
entry points, the reversa method, etc.

The concept of vertica thinking is deeply Eaed to Kuhn's
concept of norma stence — characterized by the sequentialy
directed behavior of the scientigt that atempts to articulate and
extend an exiding paradigm (Kuhn 1996). Paradigm shifts often
occur by serendipity, when some unexpected event cannot be
explaned by the accepted peradigm, leeding to accidenta
discoveries and sometimes to scientific revolutions (Kuhn 1996
Roberts 1989).

The primary god of Max is thet of simulating the user with
the precise information needed to provoke an indght or, in
extreme cases, a paradigm shift.

Roberts points out that serendipitous discoverers share
dominant characteridics such as sagacity, perception (dso
described as awareness), curiosity, flexible thinking (Smilar to de
Bono's laterd thinking) and intensive preparation (Roberts 1989).
This is an important concluson, since the success of Max's
uggestions depends a leest as much on the user as on the
performance of Max.



Cakszentmihdiy and Sawyer sressthet insights tend to occur
during ‘idle times’, after a period of incubaion and preparation
(Cakszentmihalyi and Saywer 1996). They dso established thet
cregtive indghts typicaly involve the integration of perspectives
from more than one domain of knowledge, as dso pointed out by
Kuhn in respect to scientific revolutions (Kuhn 1996) and by de
Bono regarding cregtive thinking (de Bono 1990).

The perspective that Cakszentmihaiy and Sawyer offer about
ingghts, namdly the role of “idle times’ and of cross-doman
integration, ingpired our devdopment of Max, which has been
cregted as a means to explore the browsing behavior of a user (an
“idle time’ activity) by generating a crossdomain integration of
theinterest profiles of that user.

I mplementation

Max is an agent that browses the web, in a Smuldion of the
typica human browsing behavior, searching for information thet
may interest the user, specidly information that the user is not
focused upon. By offering such information, Max attempts to
dimulate the crestivity of the user by providing new entry points
based on de Bono's proposed techniques and, hopefully, induce
serendipitousingights.

The mgor pillars of Max's implementation are the use of
informetion retrieva techniques and the heavy use of heuridtic
search in information paces.

To amplify user interaction, al the exchanges with Max are
mede through email. This not only saves on design and
implementation, but actudly offers a more naturd way of
communicating with a software agent, by increasing the sensation
of taking with araiond and anthropomorphic erntity, though no
effort as been made on producing anat urd languege interface.

System's Architecture

Max is composad of two functionaly independent modules: the
learning module and the suggestions formulation module (Fg. 1).
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Fgure 1: Max’ s architecture

User Profile Generation. Although profile generation wasnot a
mgjor issuein this project, some effort has been taken to integrate

the structure of profiles with the information retrieva techniques
used by the sysem. The god of the profile generation process
was not to generate autometicaly the profiles, on behdf of the
user, by means of nachine learing dgorithms. The am was to
use those profiles whatever the generation process. Therefore, we
assumed thet the profiles were to be directly fed by the user
through plain texts and the URLs of pages of interest to him.
Since communication is by email, we have specified that the
subject of the message should be used to labe the “domain of
interes” of theinformation sent to Max.

Figure 2 shows the architecture of Max's profile generation
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Figure 2: Profiles Learning Module

A firs component is launched periodicaly to check el
from reggtered users. The body of the message is then passed on
to the next component, with the identification of the user and the
category labd extracted from the subject fidd of the message.

The second componert is in charge of the expandon of the
URLs that may be embedded in the message text (a tesk that
indudes filtering HTML tags and traverang the pege links
recursvely) so that the resulting datais just plain text. This task
isamplified by resorting to the * segments extraction component”
that splits the visited web page in text ssgments and returns the
most relevant ones, providing a means of summaizing the
contents of lengthy pages (Embley, Jang and Ng 1999; Sdton et
d. 1996, Singhd and Sdton 1995). An additiona gep istaken to
diminate stop-words (non-informative words, such as aticles).

The third component of the system uses a tf-ifd messure —
“term frequency-inverse document frequency”, one of the
dmples messurement methods exiging in the information
retrieva literature (Faloustos and Oard 1995; Salton and Buckley
1987) — to rank the concepts by their rdevance to the us’s
message characterization. It is worth noting thet the information
retrieval methods we used works on concepts— WordNet synsets
(Miller et d. 1993), not stems;, thetypicd unit of information. By
usng WordNet synsets, we expect to increase the accuracy of
profile generation by dedling more robustly with synonyms and
compound words (ex. “atificid intdligencg’ and “sodd
security”), yet supporting dl the benefits of usng sems. Another
advantage of using conceptsingead of gemsisthat this gpproach
brings the problem to a higher leve of abgtraction, closdy rdated

to our purposes.



Findly, the fourth component Smply merges the ranked data

with the exiging profile, following what we cal the “learning
paameters’ (Sheth 1994) (the “learning parameters’ et us tune
the agent to be more or less consarvadive to new input
information) and maintaining the normaization of the concepts
weights.
The Wandering Process. Theseachof interesting informetion
is made by launching a Google™ query with some specidly
chosen words. The resulting URLS are browsed in a bes-first
syle (Russd and Norvig 1995), heuridticaly directed by the
user’sinterest profiles.

Figure 3 shows the architecture of Max' s wandering process.
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Fgure 3: Suggedtions formulation module.

The firg component is responsble to generate a proper

Google™ query. Following the suggestion of de Bono of using
random gtimulaion and andogies (de Bono 1990), some domain
profiles are chosen randomly to be the source profiles. From
those profiles, some words are sdlected randomly, following an
exponentia  probabiligic didribution (which means that we
concentrate on te most rdevant synsets, though not discarding
the least relevant ones). Some of those synsets are used laterdly:
Max retrieves their coordinates! instead of using them directly.
The sdected words are merged in an unique query. This is our
first attempt to perform the crossdomain integration suggested
by Cakszentmihayi and Sawyer (Cakszentmihalyi and Sawyer
1996).
Given that the URLs returned by Google™ areweb pageswith,
typicaly, severd links, and assuming that the linked pages are
smatticaly rdaed to each other in some degree, we implemented
the wandering of Max udng a best-first search, guided by a
heurigtic function. The wandering is qudity and time limited by
thresholds. When the search is over, the best-ever vidted page
address (from the point of view of the heurigtic function) is sent
to the user by emll.

Max’s Knowledge

As mentioned earlier, dl the operations of Max are based on
WordNet and WordNet's synsets (Miller et d. 1993).

1 Two coordinate terms have the same hypernym. For instance,
the concepts{ discovery, breskthrough, find}, { revelaion} and
{flash} are coordinate terms, with hypermym {insght,
braingtorm, brainwave} (Miller et d. 1993).

WordNet is a huge lexical database for English whose design was
ingpired by psycholinguigtic theories of human lexicad memory.
Nouns, verbs and adjectives are stored in synsets (Synonym sets).
A synset represents alexica concept, which isstored dong witha
st of underlying reldions to other concepts, thus forming a
conceptud map.

WordNet is present in every phase of Max’ s operation. During
the learning process, Max transformsthe text in aset of concepts,
thought no relations are explicitly established between them. The
knowledge that Max holds about the user (the user profiles) isa
database of concepts. When a wandering process is sarted, Max
choases some concepts from the profiles and manipulates some of
them before puitting up the search engine query. The information
retrievd methodology was aso converted to work on concepts:
the vectorizetion of the web pages uses concepts for each
dimengion of thevectors

The use of synsets brings many direct bendfits:

abdraction israised to amore gppropriate leve: we are
not dedling with words anymore, but with concepts;

- synonyms are treeted as being the same concept: this
cannot be handled by stems — the usud aomic unit of
informetion; this weskness of the stems leads to an
underestimation of the weights of the concepts;

- compound words are handled properly: for instance,
“atificid intdligence’, dthough being a single, unique
concept, is usualy decomposed into two digtinct
gems, “atific’ and “intellig”; this, too, leads to an
underestimation of the weights of the concepts;

- concepts manipulation: since WordNet establishes
relations between concepts, it is easer to perform
“laterd thinking experiments’; for indance, it is
possble to obtan  synonyms — antonyms,
generdizations, goedidizations, coordinates,  to
compute concept distances, to generate andogies and
soon.

The mogt rdlevant drawback of usng synsts instead of the
usud gemsis the overload introduced in the information retrieval
methods, namely the vector transformation of the visited web
pages. Now, ingead of reducing a word to its sem (whichisa
fast and lightweight operation), the information retrieva methods
need to seek the WordNet database for candidate concepts, follow
disambiguation procedures, and handle structured deta types thet
contain the concept information.

Nonethdless, this disadvantage is somehow diminished by the
strong benefits WordNet provides.

The Heuristic Evaluation

The god of the heuridic function is to guide Max during his
wandering. It is out of doubt thet such aheurigtic functionis very
difficult to define. In the ided world, the heurigtic function would
have to rate with maximum vaue the pages that would bring to
the user the precise information needed to trigger a serendipitous
ingght inhismind.

Our firg attempt to define the heuristic function has been
based on the assumption that cross-domain integration isastrong
and vdid heurigtic that may lead the wandering somewhereinthe



web, where severd concepts from different knowledge domains
may be present.

The heuridic function is solely used by the best-first search to
sort the children pages. The most promising pageisthen explored.

Since we canot set the heurigic vaue of a page before
andyzing it (i.e, before extracting and weighting its concepts), we
had to transform tre bes-first search to support this reversed
feature. In the typica bestfirgt agorithm, children nodes are
expanded if they are promising. In our gpproach, a child page has
to be expanded (visited) to assessif it ispromisng.

To acoderdte page andyss, which is a heavy task, we extract
from each page the centrd segment — aheuridticdly selected sub-
st of theintegra text that summarizesthe whole page, asdonein
the learning process (Embley, Jang and Ng 1999) — and useit for
heurigtic andyss.

The vdue of the heurigic evduation is computed usng the
externd product of the vector-based representation of the page
and the profiles (Sdton and Buckley 1987):

p>w =[] cosa = cosa

where Pis the profiles vector, Wis he web page vector and
a isthe angle between the two vectors. The vector representing
the page is cdculated through tf-idf. Given that the externd
product of two vectorsis equd tothe cosneof a (if thevectors
are normdized), the page and profilesaremore amilar asthe angle
gpproaches zero.

It is important to notice that the intended purpose of the
heurigtic function is not to find web pages directly rdaed to the
interests of the user, as many other systemsdo (Ligberman 1995;
Pazzanni et d. 1996; Edwards & d. 1996, Moukas 1996).
Indeed, since we use may profiles smultaneoudy for
evauation, the crassdomain behavior of the heuridtic is expected
to guide page sdection towards not o0 reaed pieces of
infarmation.

Types of Expected Results

The misson of Max is to simulate the user with unexpected
informetion. Not any kind of information will trigger the
cregtivity of the user. As pointed out by van Andel and Roberts,
there are essentialy three persond characterigtics of serendipitous
discoverers sagacity, adequate preparation, and curiogity
(Roberts 1989; van Andd and Bourcier 1995).

Sagacity is the characteridtic that catches the atention of the
user. Sagadity is deeply influenced by the background knowledge
of the user. After sagacity has expressed itsdlf, there are two
possible paths: if the preparaion of the user matches the input,
an ingght may occur. Otherwise, curiosity may lead to dedicated
investigetion.

Usudly, the user expectations lie on the accuracy of Max's
suggestions, but Max only knows a smdl and inaccurate portion
of theuser’ sred interests and knowledge.

Thisleads usto podtulate Sx possible categoriesin the vaue of
Max's suggestions.

- category 1: the suggested pages were dreedy known
—thesuggestion hesno vauea dl,

- category 2: the suggested pages were not known and
did not bdong to any doman of interet — the
suggedtion hes little vaue. Although not interesting a
the present moment, the suggested pages may have
some ussfulness in the future (in the context of laterd
thinking);

- category 3: the suggested pages were not known, but
belong to some domain of interest — the suggestion has
little value, since the user could have reeched those
pages atherwise (ex.: usng asearch engine);

- category 4: the suggested pages were not expected,
but they are dightly related to some domain of interest
— the suggedtion is vauable, and it could hardly have
been found by the user;

- category 5: the suggested peges were not expected,
they did not belong to any current domain of interest
of the user, but they sparked in him a new interest —
the suggedtion is extremdy vauable snce it is very
improbable that the user would ever find the page on
himsdf;

- category 6: the suggesed pages edablish a new
connection between two current domains of interest —
the suggedion is extremdy vadudde (an indght
oaurred);

From the beginning of the devdopment of Max, we did not
expect overwhdming results in a short time. Our main ambition
was to obtain some kind of interesting input from Max, specialy
within categories 3 and 4, that could guide the fine tuning of
further implementation decisons. It is evident that, though the
performance of Max is very important, the sagacity, preparation
and curiogity of the user are crucid. So, dbeit our most optimistic
hope, the expected results were to be essentiadly subjective.

Though within such a subjective frame of mind, we are glad to
notice that, much above our expectations, Max has been offering
usanumber of quite promising suggestions.

Empirical Results

At the time this paper was written, we had been usng Max for
two months only, which is recognizebly insufficient to establish
any accurate conclusions (even assuming the subjective nature of
theresults).

From around 100 messages Max sent with suggestions, two
were found to belong to category 5 and five to category 4, aresult
that has surprised us. While these results may seem poor, we did
condder them, in fact, quite productives

- the suggedtions from category 4 (pages dightly rdated
with the domains of interests) were consdered very
vauable. Those pages and subjects were unknown but
had something in common with the domains of
interests. They could hardly be found without Max.
Ye, dter thar presentation, they brought new
directionsand perspectives,

- the suggedtions from category 5 (pages that did not
belong to any domain of interest but sparked new



interests) led to a sui generis reection: one was
congdered very important, but the other not o
vauable, thought interesting;

Some condusions can be drawn from these reauilts:

- dthough the number of vauable suggestions may seem
quite low, the benefits of usng Max defeated the
pendties. If those pages had not been suggested, they
would quite likely never been known by the user;

- thesuggedtionsthat fell into category 4 were considered
very difficult to find without Max, evenif resorting to a
search engine. The reason pointed out wes thet the
subjects of those pages dightly overlgpped the domains
of interest. A quite intensive effort of divergence from
those domains of interest would have been necessary to
reech the suggested pages firg, to build a query string
for the ssarch enging then, to guide the browsing
towards the pages suggested by Max;

- Bven when some pages are consdered interedting, this
does not mean that they are valuable. This Stuation
happened with one suggestion of category 5, which
confirms our feding about the degp subjectivity of
resultsin thisfied.

FutureWork

The results from those firgt experiments with Max is convincing
us thet this approach to “programming for serendipity” may be
vey promisng in the near future. With this in mind, we are
planning to improve Max in severd ways.

- Improving its capacity to disambiguate the concepts
during the concept extraction process,

-  Rexrting to more powerful mechenisms for the
genearaion of divergence, namdy through the use of
metaphors,;

- Improving the heurigtic function, namely by extracting
different parts of the web page, to be andyzed per se
(eg. pagetitle, formatting emphass, links, ec.);

- Extending the usage of WordNet, namely, by exploring
better the relations between concepts; and,

- Tryingtoraisethe abdraction leve to ahigher sage, for
ingtance, thet of idess.

Concludons

It is acknowledged that the web is a wdl suited medium for
accidentd information discovery. Although not as a primary
information behavior, browsng and accidentd, serendipitous,
discovery of informeation aretightly related.

This paper presents an ongoing project that attempts to cast
some light on the possibility of inducing serendipity through the
use of specidly designed systems.

We have presented Max, a Software agent thet mimics the
browsing behavior of users ravigating the web just for the sake of
wandering. Max has some knowledge about the user interests.

While wandering, Max says aware of possible interesting pages
(“interesting” in our context means“ potentialy ingghtful™).

The user interests are coded in profiles, one profile per domain
of interest. The profiles are directly fed by the user, who sendsto
Max email messagesthat contain plaintext and URLS.

The Max wandering process begins with a Google™  search
of randomly chosen words from the profiles To guide Max, a
best-firgt search is performed over the resulting pages. This ssarch
is guided by a heurigtic function thet gives more weight to pages
that have more cross-domain integration.

Even though we are very hopeful about the conclusions of the
project, it is extremdly difficult to messure its success due to the
subjective nature of the effect the system hason the users.

Neverthdess, Max has suggesed some pages that fdl in
categories 4 (pages dightly related to the domains of interest) and
5 (pages that gparked new interests). No suggestions fdl in the
caegory 6 yet. This results had encouraged us to proceed with
further invedtigation and devdopments, namdy, the use of
metgphors, the tuning of concept disambiguation, the
improvement of the heurigtic function and extending the usage of
WordNet.
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